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(54) Generating an activity inference model from contextual data

(57) One embodiment provides a system for gener-
ating an inference model that determines an activity type
for a user from contextual information. During operation,
the system receives (302) a set of contextual information
associated with the user, wherein the contextual infor-
mation includes at least a set of location coordinates.
The system then determines an association between the
contextual information and an activity type. Next, the sys-
tem generates an activity inference model based in part
on the association, wherein the activity inference model
takes an instance of contextual information as an input
parameter and outputs a corresponding activity type. The
model’s parameters are based at least on statistics as-
sociated with the user’s contextual history but not based
on the complete contents of the user’s contextual history.
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Description

[0001] This disclosure is generally related to a recommender system. More specifically, this disclosure is related to a
method and apparatus for inferring an activity associated with a user’s location trace and contextual data.
[0002] In today’s technologically oriented society, a primary source of information is recommender systems. The
purpose of most recommender systems is to help individuals discover items they might not necessarily be able to find
on their own. Such a recommender system can generate personalized recommendations in response to a query from
a user. Effective recommendations often depend on how accurately the system can estimate a user’s needs and pref-
erences. Some systems, such as online shopping sites, use user surveys or a user’s past selections to derive such
information. However, it would be difficult to gather this information in a system with limited access to a user’s selection
history, or where user surveys are difficult to obtain. Furthermore, typical recommender systems are not equipped to
handle the large amount and variety of location and contextual information for each user.
[0003] One embodiment provides a system for generating an inference model that determines an activity type for a
user from contextual information. During operation, the system receives a set of contextual information associated with
the user, wherein the contextual information includes at least a set of location coordinates. The system then determines
an association between the contextual information and an activity type. Next, the system generates an activity inference
model based in part on the association, wherein the activity inference model takes an instance of contextual information
as an input parameter and outputs a corresponding activity type. The model’s parameters are based at least on statistics
associated with the user’s contextual history but not based on the complete contents of the user’s contextual history.
[0004] In one variation on this embodiment, the contextual information includes a number of timestamped location
coordinates.
[0005] In one variation on this embodiment, the contextual information includes venue-specific contextual data, which
facilitates identifying a correct activity type from one or more activities associated with a venue.
[0006] In one variation on this embodiment, a respective instance of contextual information indicates one or more of:
a time of day, a time range, a day of week, a range of days of a week, a date, a range of dates, a weather condition, a
traffic condition, a social context, a sensed motion, an ambient sound, and an ambient video feed.
[0007] In one variation on this embodiment, the system determines a venue-specific context for the user. In doing so,
the system receives information indicating a set of user roles associated with a venue. The system further analyzes the
contextual information associated with the venue to determine a pattern and determines a role associated for the user
that matches the determined pattern.
[0008] In a further variation, the role is determined in conjunction with the activity inference model.
[0009] In a further variation, the system determines an activity type for the user that corresponds to the determined
role associated with the venue.

BRIEF DESCRIPTION OF THE FIGURES

[0010] FIG. 1 illustrates an exemplary computing environment for a recommender system in accordance with an
embodiment.
[0011] FIG. 2 presents a flow chart illustrating a process for determining an activity associated with a user in accordance
with an embodiment.
[0012] FIG. 3 presents a flow chart illustrating a process for generating a set of activity clusters from historical context
trace information in accordance with an embodiment.
[0013] FIG. 4 presents a flow chart illustrating a process for generating an activity inference model in accordance with
an embodiment.
[0014] FIG. 5 presents a flow chart illustrating a process for determining a context for a user that is specific to a venue
in accordance with an embodiment.
[0015] FIG. 6 illustrates a mapping of an exemplary context trace on a map in accordance with one embodiment of
the present invention.
[0016] FIG. 7 illustrates a portion of an exemplary context trace that stores a user’s location and time information in
accordance with one embodiment of the present invention.
[0017] FIG. 8 illustrates a portion of the data stored in a venue database represented spatially on a map in accordance
with one embodiment of the present invention.
[0018] FIG. 9 illustrates a set of activity labels represented spatially on a map in accordance with the present invention.
[0019] FIG. 10 illustrates an exemplary computer system that facilitates generating an inference model that determines
an activity for a user in accordance with an embodiment of the present invention.
[0020] FIG. 11 illustrates an exemplary apparatus that facilitates generating an inference model that determines an
activity for a user in accordance with an embodiment of the present invention.
[0021] TABLE I presents three exemplary labels extracted from context traces taken on different days in accordance
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with one embodiment of the present invention.
[0022] In the figures, like reference numerals refer to the same figure elements.
[0023] Embodiments of the present invention provide a method and system for inferring a user’s intended leisure
activity from context data values using an activity inference model. The intended activity can be used by a recommender
system to focus recommendations on the most relevant items. The success of a recommendation typically depends on
how closely the recommended items match the user’s personal interests and preferences in a given context, such as
time of day, day of week, weather conditions, etc.
[0024] Embodiments of the present invention provide an inference system that predicts a user’s activity preferences
and habits without using surveys or requiring hand-labeled examples to learn from. Like a learning system, the inference
system attempts to learn associations between data value measurements describing the user’s current situation or
context and the activities the user is likely to prefer in these contexts. The inference system does not need to receive
explicit activity labels for user contexts, and is capable of inferring such information indirectly. The system receives
sensor-generated location measurements, such as Global Positioning System (GPS) coordinates, venue descriptions,
and mapping between venue descriptions (e.g., "restaurant") and activities supported by a venue type (e.g., "eating").
[0025] Using the location information, the system infers a distribution over possible activities the user might like from
the activity associated with venues near the location where the context data values were measured. As a result, the
system can obtain a set of activity labels, which indicate activity types associated with different context. In some em-
bodiments, the system can obtain these activity labels directly from a user. Furthermore, the system may identify a set
of activity labels that are associated with a type of venue that a user is visiting. Moreover, the system may infer a set of
activity labels based on long-term patterns or characteristic of a user’s activity, such as a particular form of employment.
These activity labels are subsequently used to process a user’s query, so that the recommended activities can better
match the user’s preferences.
[0026] FIG. 1 illustrates an exemplary recommender system in accordance with an embodiment. Computing environ-
ment 100 can include an inference system 102, a network 104, a mobile device 106, an application server 108, a venue
database 110, a user context-trace database 112, and an inference model database 114.
[0027] During operation, inference system 102 receives a context trace 116 from a user (e.g., via mobile device 106),
and can determine a corresponding activity 120 based in part on the activity inference models stored in inference model
database 114. In some embodiments, inference system 102 communicates with an application server 108 that generates
content for a computing device (e.g., mobile device 106). For example, application server 108 can receive GPS data
from a mobile device (or from a Wi-Fi or cellular network for the computing device), and application server 108 can
interact with inference system 102 to determine an activity for the computing device’s user. Application server 108 can
then forward the activity information to a client application running on the computing device. Furthermore, application
server 108 can use the activity information to generate activity-based content for the computing device, or to perform
an activity-based service for the computing device.
[0028] In some embodiments, context 118 indicates one or more of: time of day, time range, day of week, range of
days of a week, date, range of dates, weather condition, traffic condition, social context, sensed motion, ambient sound,
and ambient video feed. Furthermore, a social context can include a person that the user is communicating with in
person, or via a communication medium (e.g., a mobile telephone, an Internet protocol (IP) telephone, a land-line
telephone, a video conferencing system, an instant messaging service, e-mail, etc.).
[0029] Venue database 110 stores the venue information, which can include a venue’s location, the venue’s type, and
certain attributes associated with the venue. For example, the venue types can include restaurant, theater, sports facility,
park, etc. Venue attributes can include, for example, the type of cuisine served at a restaurant, the types of films played
at a movie theater, the theme of a bar, the types of goods offered at a shop, etc.
[0030] User context-trace database 112 stores multiple context traces for one or more users. In one embodiment, a
user’s handheld device, which provides the leisure activity recommendation application, also includes a GPS unit. Thus,
the same handheld device can generate a context trace, which includes records of location and time, for the user.
Optionally, the handheld device can periodically upload these context traces to user context-trace database 112.
[0031] Inference model database 114 stores one or more activity inference models for one or more users. In some
embodiments, inference system 102 performs an off-line preprocessing operation to generate an activity inference model
for a user based in part on historical context traces and venue information stored in databases 110-112. Furthermore,
inference system 102 can perform a runtime query processing operation that uses an activity inference model to determine
an activity 120 for a user.
[0032] In general, the operation of the inference system can be divided into two parts: an off-line preprocessing
operation and a runtime query processing operation. During the off-line processing, the system collects a user’s context
traces, identifies hypothetical visits to various venues, and maps the venues to activity types. The system also generates
one or more activity inference models, which map a context associated with a location to an inferred activity. Furthermore,
the inference system can also use the same inference process to infer specific attributes of an activity such as "eating
at a non-smoking venue." During the runtime query processing, the system determines an inferred activity based on the
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query context and the stored activity inference models.
[0033] FIG. 2 presents a flow chart illustrating a process for determining an activity associated with a user in accordance
with an embodiment. The process can be performed on a computer system comprising a storage device that stores
instructions that implement the process, and a processing unit that executes the stored instructions.
[0034] During the off-line preprocessing operation 201, the system generates an activity inference model based in
part on historical context trace information (operation 202). In doing so, the system generates a set of inference points.
An inference point includes data values for a set of variables that indicate an association between a context trace, a
venue, and an activity. The system also groups a set of substantially similar inference points to indicate an activity for
the set of similar inference points. In one embodiment, the similarity of one inference point to another can be calculated
based on a distance metric defined over several inference point variables. For example, the system can compute a
logical "distance" between the values for a number of variables, and determine that two inference points are substantially
similar if the logical distance is below a predetermined threshold. The system can employ various ways to compute this
logical distance. For example, if the variable is time of day, the system may use the difference in minutes as the logical
contextual distance. In other embodiments, the system may use a physical distance between location coordinates to
determine the similarity between inference points. Other definitions of inference-point similarity are also possible.
[0035] In some embodiments, system then uses the inference points to generate activity inference models. An activity
inference model is a computation module, which includes data structures and/or executable code, used by the recom-
mender system to determine an activity for a user based in part on the user’s contextual information. Because the system
first groups inference points that are similar to form an activity cluster, the system can generate an activity inference
model by analyzing fewer data points than would be required if the inference points were used directly. Furthermore,
using the activity clusters allows the system to incorporate more user data into an activity inference model than would
be possible if the inference points were used directly.
[0036] Then, during runtime query processing operation 203, the system receives a context trace associated with the
user (operation 204). The system enters the context trace as an input parameter to the activity inference model (operation
206), and uses the activity inference model to determine an activity associated with the user (operation 208). The system
can also use context trace information gathered during the runtime to update an existing inference model or to generate
a new model. Doing so allows the system to learn new user preferences or to adjust to changes in a user’s life (e.g., a
new residence, a new job, a change in preferences, etc.).
[0037] FIG. 3 presents a flow chart illustrating a process for generating a set of activity clusters from historical context
trace information in accordance with an embodiment. The system begins by receiving historical context trace information
(operation 302), and derives a set of venues for a context trace using a venue database (operation 304). Next, the
system derives a set of activity types associated with a context based in part on the set of venues (operation 306). Then,
the system generates a set of inference points (operation 308), such that an inference point includes data values for a
set of variables that indicate an association between a context trace, a venue, and an activity. The system then generates
a set of activity clusters based in part on the inference points, such that an activity cluster includes substantially similar
inference points (operation 310).
[0038] Specifically, the system can perform operation 302 by receiving a context trace from a user context-trace
database, as well as the venue information from a venue database. The system then performs operation 304 by analyzing
the context traces, identifying locations along these traces where the user appears to have spent at least some time,
and identifying the venues in the vicinity of those locations. That is, the system identifies hypothetical visits to different
venues near locations in the context trace.
[0039] In some embodiments, the system faces several challenges in the process of generating these hypothetical
visits. Typically, a GPS trace represents a trajectory of a user’s movement. A consumer-grade GPS unit generally has
a limited spatial resolution. For example, the GPS signal may not be sufficiently detailed to distinguish which side of the
street the user is on. Furthermore, the user may be in an urban area with a high building density, and may experience
inaccurate GPS signals due to signal reflections off building surfaces. In one embodiment, the system "smoothes" the
GPS trace by considering clusters of locations during a certain time period and searching for venues in the vicinity of
this cluster of locations. This way, the system can statistically remove the noise in the GPS traces and derive the desired
activity information over a longer period, over multiple traces.
[0040] In another embodiment, GPS signals are smoothed using statistical processes such as a Kalman smoother.
[0041] Another issue associated with GPS signals is their limited time resolution. Typically, a GPS unit updates its
location information at certain intervals, such as every 10 seconds. However, when the user is in a busy district, he may
enter a shop or a subway station during this interval and lose the GPS signal. As a result, the GPS trace would be
incomplete. In one embodiment, the system performs an interpolation process that fills in likely sample locations during
these sensor dropouts.
[0042] In one embodiment, the system also receives contextual information associated with a context trace. Such
contextual information can include the day of week and a current weather condition. This information is used by the
system to further qualify an activity type and later used in conjunction with a query context when the system is handling
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a user query.
[0043] Next, the system identifies significant locations in the context trace. In doing so, the system identifies locations
(or location clusters) where the user appears to have spent a substantial amount of time. For example, the system can
search for locations at which the user remains for more than 5 minutes. Other time thresholds are also possible.
[0044] After identifying these locations, the system then searches the venue database to identify venues within the
vicinity of the significant location or location cluster. For example, the system can search all the venues within 120 feet
of a location, or a location range. In one embodiment, the location can be represented by a longitude/latitude pair or a
pair of longitude/latitude ranges. The venues identified in the vicinity of such a location are then considered to be
hypothetical visits.
[0045] Note that in one embodiment the system maintains a set of mappings that correlate a venue to an activity type.
The system uses these mappings to derive a set of activity types in operation 306. For example, restaurants are mapped
to the "eat" activity type, theaters are mapped to the "see" activity type, and gyms are mapped to the "do" activity type.
The system can adopt any activity-type categorization scheme.
[0046] In addition to mapping a venue to an activity type, the system can optionally extract attributes of the venue and
associate those attributes to the activity type and contextual information. For example, a take-out restaurant may have
an attribute of "take out," as opposed to "dine in." This attribute can then be associated with the user’s contextual
information, for example the time of the day which can be, say, 12pm, and/or a weather condition such as sunny or
rainy. Later, when the same user makes a query for activities around noon while the weather is sunny, the system would
know that one of the activities the user could enjoy is to order take-out food for lunch. The probability of the user actually
preferring take-out food for lunch when the weather is sunny can be computed using a statistical process.
[0047] Note that generating activity clusters is only one way to build an activity inference model. Other approaches,
such using a decision tree, a neural network, a Bayesian inference procedure, and so on can also be used to build such
a model. It is optional for the system to use activity clustering when applying these approaches.
[0048] FIG. 4 presents a flow chart illustrating a process for generating an activity inference model in accordance with
an embodiment. During operation, the system determines, for a context trace associated with the user, a subset of
inference points that match the context trace (operation 402). Then, the system identifies a number of activity types
associated with the subset of inference points (operation 404). Next, the system weights a respective activity type based
on its associated inference point’s similarity to the context trace (operation 406). The system then generates a context-
to-activity mapping function for the activity inference model, which maps the context trace to the identified activity type
that has the highest weight (operation 408).
[0049] In some embodiments, the context-to-activity mapping function accounts for various distributions of weights
that are assigned to activity types. In other words, the context-to-activity mapping function can account for different
combinations of context parameters to derive an activity type that is appropriate for a given combination of a user’s
context parameters.
[0050] Note that there can be a number of venues, and a corresponding number of hypothetical visits to these venues
associated with one context trace. This does not mean that a user can simultaneously visit multiple venues. The system
uses these hypothetical visits during operation 402 to derive an activity distribution associated with a particular location
and a set of contextual data.
[0051] For example, if there are three restaurants, two bars, and one department store located in the vicinity of a
specific location, and the corresponding timestamp points to 5pm on a Saturday, the system may derive that there is a
50% chance that the user is eating, a 33% chance that the user is drinking, and a 17% chance that the user is shopping
at 5pm on a Saturday. In one embodiment, the system also takes the distance of the venue from the location measured
for the user into account when calculating the probability that the user is engaged in the activity associated with the venue.
[0052] Furthermore, the system can generate a set of activity labels during operation 404, such that an activity label
is associated with a location, and can include a distribution of various activity types. In addition, an activity label can
specify a set of associated contextual information, such as time of day, time range, day of week, range of days of a
week, date, range of dates, weather condition, traffic condition, social context, sensed motion, ambient sound, and
ambient video feed.
[0053] For the same user the system typically performs the off-line preprocessing as described above on multiple
GPS traces and obtains a number of activity labels. Some of these labels would be associated with similar contextual
information. As a result, the system can learn that certain contextual information is more likely to be correlated with
certain types of activities and/or activity attributes. The process is most effective when there are multiple independent
samples of the user’s behavior such as contexts measured on different calendar dates in different parts of the city but
sharing contextual data values such as time of day or current weather conditions.
[0054] TABLE I presents three exemplary labels extracted from context traces taken on different days in accordance
with one embodiment of the present invention. Each label indicates an activity-type distribution based on the hypothetical
visits, and a set of contextual information which in this case includes the time of day and day of week. Although the
system cannot derive which activity is more likely to occur based on a single label, the system can nevertheless derive
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that the user is more likely to be eating around 12:00pm during the weekdays. Note that the labels shown in TABLE I
are only simplified examples. In an actual system, each label may contain more information. A label may contain more
activity types, and each activity type may be associated with one or more attributes. For example, the "eating" activity
type may be associated with cuisine type, restaurant type, price range, and so forth. Each label may also include much
more detailed contextual information, such as local traffic conditions.

[0055] In the current embodiment, the similarity of one context to another (e.g., the similarity of the user’s context to
contexts associated with an inference point) is calculated based on a multi-attribute distance metric defined over context
variables. In other words, the system computes a logical "distance’’ between the mapping’s context and the query’s
context. The system can employ different ways to compute this logical distance. For example, if the contextual information
of interest is time of day, the system may use the difference in minutes as the logical contextual distance. In other
embodiments, the system may use the actual physical distance between the mapping context’s location and the user’s
query context location as the logical contextual distance. Other definitions of context similarity are also possible. In other
embodiments, context-to-activity mappings for other users can also be weighted in to enable users whose interests fall
into similar categories to benefit from data collected on other members of the same class.
[0056] Note that a context relevant to a user can be used to make predictions about the probability of various possible
activities. During operation 406, the system computes weights to combine the predictions for the relevant contexts
previously retrieved. In one embodiment, the system assigns a weight to each mapping based on the similarity metric
or logical distance between a context specific to a user and a context associated with an inference point.
[0057] The system then allocates evidence from the mappings with the most similar contexts to each of the possible
activity types. One method of doing this is captured as follows. Let mi be the ith relevant mapping and mi(a) be an indicator
function which returns 1 if activity a is predicted by mapping i and zero otherwise; and Wi be the weight based on a
function of the similarity of the mapping’s context to the user’s current context. Then e(a), the evidence for activity a
would be: 

[0058] In some embodiments, the system can generate the activity type distribution based in part on a machine learning
classifier. For example, the system can normalize the weighted evidence to create a distribution over the user’s intended
activity type. 

[0059] Other ways of generating the activity type distribution are also possible.
[0060] A recommender system can recommend activities based on the activity type distribution produced by operation
406 to improve the effectiveness of its recommendations. For example, if the system determines that a user query is
submitted in a context where the time is 12:00pm on a Tuesday, then the activity type distribution might be 60% eating,
20% shopping, and 20% exercising. A recommender system could use this distribution to return six recommendations
of restaurants, two recommendations of shops, and two recommendations of local gyms, and disregard museum rec-
ommendations. By doing so, the recommender system presents activities that the user is most likely to be interested in,

Table I: Relevant Contexts to Activity Label Inferences

Location and Context Hypothetical Visits to Nearby Venues Inferred Activity

Location=x1, y1; time=12:00pm; day=Monday Jo’s Restaurant,
Sam’s Bookstore

Eating 50%;
Shopping 50%

Location=x2, y2; time=12:10pm; Day=Tuesday Happyville School,
Pete’s Restaurant

Studying 50%;
Eating 50%

Location=x3, y3; time=12:05pm; day=Thursday Sally’s Restaurant,
Bill’s Auto Garage

Eating 50%;
Driving 50%
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and saves the user from searching through irrelevant recommendations.
[0061] Moreover, for a context where the time is 8:00am on a Tuesday, the recommender system may determine that
the user is commuting to work, and may provide the user with transportation assistance. For example, the system may
inform the user of any traffic accidents along the user’s typical commute and/or may provide the user with an optimal
commuting route to the user’s workplace.
[0062] Note that the inference model described herein can have various context-aware applications beyond making
activity recommendations. For example, the system can be used for context-aware time billing, streaming of multimedia
content, and transportation assistance. Other applications are also possible.
[0063] In some embodiments, the system can use the user’s contextual information to automate certain tasks for the
user. For example, the system can keep track of the tasks being performed by a user, and can keep track of the time
spent on each task for billing purposes. Moreover, the system can update the user’s Weblog to include some details of
the user’s activities.
[0064] Note that, during operation 408, the system generates a context-to-activity mapping function based on the
activities with the highest weight for a corresponding set of context traces. During runtime, the system can receive a
query that includes contextual information for a user, and the system uses the context-to-activity mapping function to
determine an activity that corresponds to the query. More specifically, the context-to-activity mapping function provides
an efficient solution for determining an activity from contextual information without having to analyze a set of inference
points at runtime.
[0065] FIG. 5 presents a flow chart illustrating a process for determining a context for a user that is specific to a venue
in accordance with an embodiment. During operation, the system receives a set of user roles associated with a venue,
and a corresponding set of context trace information (operation 502). Then, the system analyzes the user’s context trace
history associated with the venue to determine a pattern (operation 504). The system then determines a role associated
with the venue that matches the user’s determined pattern (operation 506). For example, the system may determine
that a user visits a hospital on most weekdays and some weekends, and may generate a context for the user that
indicates the user is an employee of the hospital. Furthermore, the system may determine that another user visits the
hospital (or any other hospital) at most a few times per year, and may generate a context for this user which indicates
that this user is a patient or a visitor of the hospital. This additional context information that indicates a relationship
between a specific user and a specific venue further simplifies the task of determining an activity for a user, because it
takes advantage of context information that is specific to the user to infer an activity that best matches the user’s life pattern.
[0066] FIG. 6 illustrates a mapping of an exemplary context trace on a map in accordance with one embodiment of
the present invention. As shown in this example, a context trace indicates a number of points which can be represented
spatially on a map. During a certain time span, there may be more GPS data points concentrated in a specific location,
which indicates that the user is spending a substantial amount of time in that area. In other parts of FIG. 6, the GPS
data points are sparser, which indicates that the user is only passing by those locations. During the activity type analysis
process, the system can filter out the sparse data points and focus on the clustered data points, which indicate the
locations where the user is spending most of his time. When the location signal is know to have been interrupted, a
predictive model can be used to interpolate likely location samples missing from the trace.
[0067] FIG. 7 illustrates a portion of an exemplary context trace that stores a user’s location and time information in
accordance with one embodiment of the present invention. In one embodiment, each context trace data point includes
a user identifier, a latitude, a longitude, and a timestamp indicating the time when the user was at the location specified
by the latitude/longitude pair.
[0068] FIG. 8 illustrates a portion of the data stored in a venue database represented spatially on a map in accordance
with one embodiment of the present invention. In this example, a large number of venues are displayed over a map.
Each venue is indicated by its location, which is presented by a black dot, and the venue’s name. In the actual venue
database, each venue entry may include a venue type (e.g., restaurant, museum), a latitude/longitude pair to indicate
its location, a venue name, a brief venue description, and optionally one or more venue attributes (e.g., cuisine types,
smoking/non smoking). The actual format of the stored venue data may vary from system to system. Other data formats
are also possible.
[0069] FIG. 9 illustrates a set of activity labels represented spatially on a map in accordance with the present invention.
As shown on the map in FIG. 9, each context-to-activity mapping specifies data values for context variables, such as
location, a day of week, a time of day, as well as an activity type. Note that in practice a context-to-activity label mapping
can include more than one activity type that implicitly specifies a probability distribution among all the activity types at
that location. Furthermore, the context-to-activity mapping can include more contextual information, such as weather
conditions.
[0070] FIG. 10 illustrates an exemplary computer system that facilitates generating an inference model that determines
an activity for a user in accordance with an embodiment of the present invention. Computer system 1002 includes a
processor 1004, a memory 1006, and a storage device 1008. Furthermore, computer system 1002 can be coupled to
a display device 1010, a keyboard 1012, and/or a pointing device 1013.
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[0071] Storage device 1008 stores at least one of an operating system 1014, a recommender system 1016, a context
trace 1026, a venue 1030, an activity 1032, an inference point 1034, an activity cluster 1036, and an activity inference
model 1038. Furthermore, recommender system 1016 can include a graphical user interface (GUI) 1018, a database
access module 1020, an inference module 1022, and a user query module 1024.
[0072] During operation, computer system 1002 loads recommender system 1016 from storage device 1008 into
memory 1006, and executes recommender system 1016 on processor 1004. During an off-line preprocessing operation,
database access module 1020 can access a user context-trace database and a venue database to receive historical
context trace information (e.g., context trace 1026), and to receive venue information (e.g., venue 1030). Then, for
context trace 1026 and venue 1030, inference module 1022 determines a corresponding activity 1032, and generates
an inference point 1034 for the related data points 1026-1032. Next, the inference module 1022 generates activity cluster
1036 for a set of inference points that are substantially similar. Inference module 1022 then uses a set of inference points
and/or activity clusters to generate activity inference model 1038. Furthermore, during a runtime query processing
operation, user query module 1024 can use activity inference model 1038 to determine an activity 1032 from a context
trace 1026 associated with a user.
[0073] FIG. 11 illustrates an exemplary apparatus that facilitates generating an inference model that determines an
activity for a user in accordance with an embodiment of the present invention. Apparatus 1100 can comprise a number
of mechanisms which may communicate with one another via a wired or wireless communication channel. Apparatus
1100 may be realized using one or more integrated circuits, and it may be integrated in a computer system, or it may
be realized as a separate device which is capable of communicating with other computer systems and/or devices.
Specifically, recommender apparatus 1100 can include a user query mechanism 1102, a database access mechanism
1104, and an inference mechanism 1106.
[0074] During an off-line preprocessing operation, database access mechanism 1104 can access a venue database
1120, a user context-trace database 1122, and a venue database 1120 to receive historical user information 1112 (e.g.,
a context trace and a corresponding venue). Then, inference mechanism 1106 generates activity inference model 1114
based in part on historical user information 1112, and stores activity inference model 1114 in an inference model database
1124. Furthermore, during a runtime query processing operation, user query mechanism 1102 receives a context trace
1108 from a user, and can use activity inference model 1114 to determine an activity 1116 associated with a user. User
query mechanism 1102 can also configure database access mechanism 1104 to store context trace 1108 on user
context-trace database 1122 to expand historical user information 1112.
[0075] The data structures and code described in this detailed description are typically stored on a computer-readable
storage medium, which may be any device or medium that can store code and/or data for use by a computer system.
The computer-readable storage medium includes, but is not limited to, volatile memory, nonvolatile memory, magnetic
and optical storage devices such as disk drives, magnetic tape, CDs (compact discs), DVDs (digital versatile discs or
digital video discs), or other media capable of storing computer-readable media now known or later developed.
[0076] The methods and processes described in the detailed description section can be embodied as code and/or
data, which can be stored in a computer-readable storage medium as described above. When a computer system reads
and executes the code and/or data stored on the computer-readable storage medium, the computer system performs
the methods and processes embodied as data structures and code and stored within the computer-readable storage
medium.
[0077] Furthermore, methods and processes described in the detailed description can be included in hardware modules
or apparatus. These modules or apparatus may include, but are not limited to, an application-specific integrated circuit
(ASIC) chip, a field-programmable gate array (FPGA), a dedicated or shared processor that executes a particular software
module or a piece of code at a particular time, and/or other programmable-logic devices now known or later developed.
When the hardware modules or apparatus are activated, they perform the methods and processes included within them.

Claims

1. A computer-implemented method for generating an inference model that determines an activity type for a user from
contextual information, the method comprising:

receiving a set of contextual information associated with the user, wherein the contextual information includes
at least a set of location coordinates;
determining an association between the contextual information, and an activity type; and
generating an activity inference model based in part on the association, wherein the activity inference model
takes an instance of contextual information as an input parameter and outputs a corresponding activity type,
wherein the model’s parameters are based at least on statistics associated with the user’s contextual history
but not based on the complete contents of the user’s contextual history.
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2. The computer-implemented method of claim 1, wherein the contextual information includes a number of timestamped
location coordinates, and/or venue-specific contextual data, which facilitates identifying a correct activity type from
one or more activities associated with a venue.

3. The computer-implemented method of claim 1 or claim 2, wherein a respective instance of contextual information
indicates one or more of: a time of day, a time range, a day of week, a range of days of a week, a date, a range of
dates, a weather condition, a traffic condition, a social context, a sensed motion, an ambient sound, and an ambient
video feed.

4. The computer-implemented method of claim 1, further comprising determining a venue-specific context for the user
by:

receiving information indicating a set of user roles associated with a venue;
analyzing the contextual information associated with the venue to determine a pattern; and
determining a role for the user that matches the determined pattern, preferably in conjunction with the activity
inference model.

5. The computer-implemented method of claim 4, further comprising determining an activity type for the user that
corresponds to the determined role associated with the venue.

6. A computer-readable storage medium storing instructions that when executed by a computer cause the computer
to perform a method according to any of the preceding claims.

7. A computer system for generating an inference model that determines an activity type for a user from contextual
information, the computer system comprising:

a receiving mechanism configured to receive a set of contextual information associated with the user, wherein
the contextual information includes at least a set of location coordinates;
a determination mechanism configured to determine an association between the contextual information and an
activity type; and
a generation mechanism configured to generate an activity inference model based in part on the association,
wherein the activity inference model takes an instance of contextual information as an input parameter and
outputs a corresponding activity type, wherein the model’s parameters are based at least on statistics associated
with the user’s contextual history but not based on the complete contents of the user’s contextual history.

8. The computer system of claim 7, wherein the contextual information includes a number of timestamped location
coordinates.

9. The computer system of claim 7 or claim 8, wherein the contextual information includes venue-specific contextual
data, which facilitates identifying a correct activity type from one or more activities associated with a venue.

10. The computer system of any of claims 7 to 9, wherein a respective instance of contextual information indicates one
or more of: a time of day, a time range, a day of week, a range of days of a week, a date, a range of dates, a weather
condition, a traffic condition, a social context, a sensed motion, an ambient sound, and an ambient video feed.

11. The computer system of any of claims 7 to 10, wherein the determination mechanism is further configured to
determine a venue-specific context for the user by:

receiving information indicating a set of user roles associated with a venue;
analyzing the contextual information associated with the venue to determine a pattern; and
determining a role for the user that matches the determined pattern.

12. The computer system of claim 11, wherein the role is determined in conjunction with the activity inference model.

13. The computer system of claim 11 or claim 12, wherein the determination mechanism is further configured to determine
an activity type for the user that corresponds to the determined role associated with the venue.
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